resistance, friction, and torque gain are random variables with known probability distributions, one thousand sets of motor parameters were randomly generated. These "randomly generated" motors were then simulated to collect data for statistical analysis including Design of Experiments (DOE) (Mathews, & Mathews, 2004; Montgomery, 2008; Taguchi, 1987; Taguchi, 1993) and Response Surface Method (Myers, & Montgomery, 1995) . It was proven to be an effective way of improving the motor speed control algorithm based on the results of Monte Carlo analysis (Casella, 2004; Liu, 2001 ) A similar modeling and simulation based approach was used in (Zhan, 2009) to solve the Monte Carlo analysis for the inverse problem of motor PWM control. In this paper, the same approach is used to solve a design optimization problem for electrical vehicles. The rest of the paper is organized as follows: In Section 2, an optimization problem for electrical vehicles is introduced; The application of Design of Experiments (DOE) to identify the main factors is discussed in Section 3; The Response Surface Method (RSM) is used to find a solution to the optimization problem in Section 4; Section 5 includes the conclusion and brief discussion for future research work in this area. The MATLAB code that was used to derive the results in this paper is included in the appendix so that interested readers can easily reproduce these results.
Design Optimization for Electrical Vehicles
The design of electrical vehicles involves many challenges due to the complexity of the system (Ehsani et al., 2005; Gillespie, 1992; Husain, 2003) . A vehicle dynamics based model was derived in to develop component level requirements based on basic performance requirements such as the maximum driving range, maximum cruise speed, maximum acceleration, etc. In theory, any variation in a particular parameter can cause the performance of the electrical vehicle to be different. However, the influences of the parameters are different. Small change in some parameters can cause large change in the vehicle performance, while relatively large change in other parameters may not have much impact on the vehicle performance. In order to calculate the maximum driving range, the aerodynamic drag D A (Gillespie, 1992) needs to be calculated first
(1) where V is the vehicle speed (ft/sec), A is the frontal area of the vehicle (ft 2 ), C D is the aerodynamic drag coefficient, and ρ is the air density (lb-sec 2 /ft 4 ).
where P r is the atmospheric pressure in inches of mercury and T r is the air temperature in degrees Fahrenheit.
The maximum driving range is determined by
where W is the gravity force, θ is the angle of the inclined surface, W b is the weight of the battery, � is the efficiency of the battery/motor subsystem, D se is the specific energy density of the battery (MJ/kg), and R x is the rolling resistance. Details of the derivation and definitions can be found in . The rolling resistance can be modeled as the vehicle static weight W multiplied by the coefficient of rolling resistance f r :
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Modelling, simulation, six sigma and their application in optimization of electrical vehicle design 209 R x = f r W (4) Under the assumption that the vehicle is traveling at a constant speed, the maximum driving range can be plotted as a function of the vehicle speed for a given set of parameters, as shown in Fig. 1 . It can be seen that the driving range is reduced if the vehicle speed is increased. When design parameters are chosen to take different values, this curve will move up or down accordingly. Clearly, one would like to select the parameters such that at any given speed, the driving range is longer. The following metric is proposed to measure the driving range performance
In other words, the area underneath the curve in Fig. 1 is an indication of the vehicle driving range performance. Vmax in equation (5) is the maximum cruise speed. In Fig. 1 , it is assumed that Vmax is equal to 85 mph. Naturally, one can ask: How should we choose the design parameters to maximize the performance index P? For each given set of parameters, P can be calculated. But there are eleven parameters and each parameter can take thousands of different values. The combinations can be astronomical. To make the numerical search realistic, one needs to narrow down the combinations to a level that can be handled by a typical desktop computer. Initial simulation revealed that the performance index P is more sensitive to certain design parameters than others. The Design of Experiments is a Six Sigma tool that can be used to identify the parameters that have major impact on the results. The design engineer can then focus on these important parameters by assuming all other parameters are constant. This will not provide an optimal design, but should yield a suboptimal solution. The main advantage is the significantly reduced computation time and memory required for the parameter selection. 
Design of Experiments
A two-level, N-factor full factorial DOE matrix requires 2 N runs. To calculate the performance index P using equation (5) Among the eleven parameters, some are environmental factors, e.g., the atmospheric pressure, the air temperature, and the angle of the inclined surface. Typically, an optimal or suboptimal design is selected under one set of nominal environmental conditions. In this paper, we use the nominal values of 29.92 inches of Hg for atmospheric pressure, 59 o F for air temperature, and a flat surface (θ = 0). There are other parameters that take specific values due to other requirements. For example, one can assume that the body of the vehicle has been designed, thus the frontal area of the vehicle has a fixed value (e.g. A = 34 ft 2 ); the maximum cruise speed has been determined to be 85 mph. Since the total vehicle weight W includes the battery weight W b , there is a coupling between W and W b . To avoid the coupling between these two factors, a new factor W 0 , defined as the weight of the vehicle without the battery, is used
As a result, there are six remaining parameters that need to be analyzed. The DOE matrix was created using Minitab (Meyer, & Krueger, 2005) , as illustrated in Table 1 . The -1 and 1 represent the two extreme levels for each factor. These values are defined in Table 2 .
Notice that for six factors, there are 2 6 = 64 runs in the DOE matrix. The simulation runs were carried out in MATLAB using mathscript files attached in the appendix (SpdDisOptimization.m and EVSimdoeSixFactors.m). The DOE test matrix was set up in EVSimdoeSixFactors.m, which calls SpdDisOptimization.m to calculate the performance index P in equation (5). The resulting value P from simulation was recorded in the last column of the Table 1 with a common multiplier of 10 4 , labeled as "Area*10^4". Based on the results in Table 1 , the Pareto Chart of the standardized effects was plotted, as illustrated in Fig. 2 . It can be seen that the top three factors are: D se , W b , and the interaction between them. Therefore, the conclusion is that the design optimization effort should be focused on D se , W b , and their interaction. In Fig. 3 , the effects of these factors with steeper slopes are more significant on the results than others. Fig. 3 also indicates the direction of impact, for example, lower W 0 , higher W b , lower C D , lower fr, higher η (eta), and higher Dse will lead to larger value for index P. In Fig.  4 , larger differences between slopes of the two lines inside each box imply more significant interactions between the horizontal and vertical factors related to the box. It can be seen that the most significant interaction is the one between W b and D se . The simulation result can also be used to create the Contour Plot of the performance index P as a function of the two main factors D se and W b , as illustrated in Fig. 5 . The -1 and 1 levels for the two factors are defined in Table 2 . The points in between the two extreme values are obtained using linear interpolation. For simplicity, the factor of 10 4 is not included in the index P, labeled as "Area". 
Response Surface Method and Optimization
In Section 3, the specific energy density and weight of battery are identified as the two main design parameters that have major impact on the performance index P. In this section, these two parameters will be studied to optimize the performance and the associated cost. It has been analyzed in Section 3 that larger values for battery weight and the specific energy density can improve the driving range performance. However, the batteries with higher specific energy density are more expensive. The cost associated with the specific energy density value is usually nonlinear. If the specific energy density is doubled, the price of the battery is more likely to be quadrupled. For the same type of battery, the cost associated with weight is usually linear. Doubling the weight of battery means twice as many battery units, thus twice the cost. Based on the above analysis, the following cost function is defined for performance/cost optimization
where K 1 , K 2 , and K 3 are weights for each term, D se0 , W b0 , and P 0 are the nominal values for each term that are used to normalize each term. The normalization for each term is necessary, since without normalizing, one of the terms will dominate the cost function and make other two terms irrelevant. The average values in Table 1 can be used as the nominal values. With the 15%, 35%, and 50% weights on the three terms, the cost index becomes www.intechopen.com
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The objective of optimization is to minimize the cost function J. Clearly, larger performance value P, lower specific energy density, and lower battery weight will result in smaller J. Minimizing J requires a trade-off between cost and performance: higher performance P will drive up the cost. Since the performance index P can be calculated as a function of specific energy density and weight of battery, one can calculate the cost function J as a function of the specific energy density and the weight of the battery. Since the focus is on the specific energy density and weight of battery, in addition to the nominal values for the atmospheric pressure, the air temperature, the angle of the inclined surface, and the frontal area of the vehicle, we further assume that
The Response Surface is plotted in Fig. 7 by letting the battery weight vary from 500 lbs to 1400 lbs at an increment of 10 lbs and the specific energy vary from 0. The optimization of cost function using RSM was made possible after the DOE analysis that narrowed down the design parameters to two. 
Conclusion and Discussion
This paper discusses a design optimization problem for electrical vehicles using Six Sigma tools such as DOE and RSM. The analysis was carried out in the MATLAB simulation environment. The DOE technique was used to narrow down the number of design parameters to be analyzed. Some parameters were assumed to be constant during the DOE analysis. The selection of these constant parameters and their values may influence the conclusions one can draw from the DOE analysis, but the approach used in this paper would work in a similar way with different choices. For example, the friction coefficient can be assumed to be constant and the frontal area can be selected as a factor in DOE matrix, which makes more sense if the vehicle body is still being designed. The Response Surface Method was applied to find the optimal design parameter values for the battery weight and the battery specific energy density. Both cost and performance are taken into consideration in the optimization process. The weights in the cost function are determined by the actual cost for the batteries and the importance of the performance. Only the maximum driving range was considered as the performance of the vehicle, but the method works in a similar way if other performance metrics are used. Future research work includes considering other vehicle level performance requirements such as maximum cruise speed, 0-60 mph acceleration time, and maximum gradeability (Ehsani et al., 2005; Gillespie, 1992; Husain, 2003; Zhan et al., 2009) . In analyzing some of these dynamic requirements, detailed models for the motor, battery, and transmission need to be included in the model. The approach used in this paper can be applied to many other engineering design and optimization problems. It is a quick and cost effective way of using Six Sigma method in engineering applications.
